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ABSTRACT 
 
The current investigation examines the use of meta-analysis to evaluate the impact of a 
community-wide health care initiative across a four-year period. This community-wide initiative 
began in an effort to create a “healthy community” in a small mid-western city. This multi-level, 
longitudinal study incorporates the use of meta-analysis in an effort to examine treatment effects 
across the areas of knowledge of health issues, reported healthy behaviors, and clinical measures. 
Issues regarding the challenges associated with the synthesis of different types of effect size 
measures across time, as well as concerns associated with multi-site repeated measure responses, 
are presented. Results of the effect size analyses are presented using odds ratios. 
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INTRODUCTION 
 
he preponderance of research conducted using meta-analytic techniques involves data extracted from 
completed research studies. However, it is possible to use the same techniques implemented for 
secondary data on primary data (Borenstein et al, 2009). These applications are especially useful in 
evaluation and research studies where longitudinal data is being analyzed across multiple groups. 
 
In a recent review of the literature, Jones, Riley, Williams, & Whitehead (2009) found 2,435 published 
studies utilizing applications of longitudinal meta-analysis.  However, from this assemblage of manuscripts, a mere 
113 papers used meta-analysis in the examination of primary data collected across a predetermined period of time. 
From the 113 papers, only 50 papers clearly indicated how the data was treated; data was either analyzed at each 
time point, ignoring existing correlations, or at one post baseline time point.  Jones et al. conclude that more research 
on the appropriateness of meta-analyzing longitudinal data is needed and that the use of meta-analysis techniques in 
longitudinal studies is currently limited.  
 
In a similar vein, Trikalinor & Olkin (2012) examine using both univariate and multivariate approaches in 
exploring possible options for meta-analyzing longitudinal data.  In line with the cautions from other researchers, 
they recommend that meta-analysis of longitudinal data, whether cohort or panel data, cannot ignore the correlations 
that exists between time points and that aggregate data is especially challenging in that those between time-point 
correlations are difficult to impossible to estimate.  They conclude by recommending that in the case of missing 
data, each time point should be evaluated separately.  Along with these recommendations are a number of different 
approaches suggested in the earlier research of Peters & Mengersen (2008).  These five approaches to examining 
longitudinal data with meta-analytic techniques include: 
 
1. Relevant time point meta-analysis(RTP) 
2. First – and –Final time point meta-analysis(FFP) 
T 
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3. All time points meta-analysis(ATP) 
4. Trend meta-analysis (TM) 
5. Change in time points meta-analysis (CTP) 
 
While Peters & Mengersen (2008) maintain that the approach that is chosen should correspond to the 
research question or evaluation goals, there are some strict guidelines to adhere to that can direct what the best 
approach is in light of the type of data that is involved.  Specifically, RTP and FFP provide less informative 
approaches to meta-analyzing longitudinal data that do not necessitate that the data between time points support an 
assumption of independence.  As suggested above, these methods are not concerned with the correlations that exist 
between time points.  However, the ATP, TM, and CTP approaches suggested by Peters & Mengersen (2008) 
require that the assumption of independence be tenable if the estimates are to be free of bias.  This concern regarding 
independence is prevalent in the existing research (for example, Borenstein et al., 2009; Idris, 2008; Jones, Riley, 
Williams, & Whitehead, 2009; Morris & DeShon, 2002; Trikalinos & Olkin, 2012; Voelke, Oud, Davidov, & 
Schmidt, 2012).   
 
Without regard to a violation of independence, the estimates being observed potentially will identify 
behavior in the data at the aggregate level that is not reflected in the data at the individual level.  As with other 
statistical applications, the accuracy of the inferences derived from meta-analysis depends heavily on the appropriate 
application of meta-analysis as a tool (Fern and Monroe, 1998).  This concern, which is not an issue with many of 
the traditional approaches to dealing with repeated-measures data or longitudinal data, is due to the unique nature of 
meta-analysis.  The use of pooled estimates in meta-analysis incorporates the differences in means across different 
time points.  If a participant's data is found in multiple time points, that participant's data will contribute to the 
estimates at more than one time point, and other participants will not.  This allows the repeating participant’s data 
more influence on the outcomes, thus biasing the final estimates.    
 
There are a number of existing recommendations for dealing with these limitations.  For example, 
Trikalinos & Olkin (2012) and Voelke, Oud, Davidov, & Schmidt (2012) provide numerous approaches for 
analyzing panel data using random effects modeling.  Jones et al. (2009) demonstrate a number of methods when 
analyzing independent participant data (IPD) with both random and fixed effects models. Similar to the approach 
used in the current investigation, Morris & DeShon (2002) and Beane (2011) provide a straight forward approach 
which incorporates Peters & Mengersen’s (2008) application of the FFT methodology.   
 
CURRENT INVESTIGATION 
 
Participants 
 
The current investigation includes data from a four-year community wide health initiative. The program 
included a comprehensive program of activities, including, but not limited to, wellness events (such as 5K walks), 
online and face-to-face trainings on a variety of health and nutrition topics, and clinical analysis and follow-up 
medical and nutrition consulting.  The delivery of these services and activities focused on six different predominant 
employer groups in that community.  Each employer group's number of participating members varied from as little 
as eight to as many as 248.  The focus of the data collection efforts was on the gains in knowledge, reported changes 
in behavior, and reduction of at-risk clinical measures.  
 
Instrumentation and Procedures 
 
Data collection of knowledge and behavior change data was conducted through annual wellness surveys.  
Knowledge questions asked participants about health-related topics, such as what is considered to be high blood 
pressure, what a desirable blood cholesterol level is, or what is HDL.  Behavior change questions included asking 
participants what lifestyle changes they had made to improve health, about their current level of physical activity, 
and if they had discussed their weight with a healthcare provided in the last year.  Clinical data was collected by 
licensed medical personal and included measures of current blood pressure, computed body mass indexes, overall 
cholesterol measures, triglycerides values, blood glucose measures, LDL and HDL levels.   
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All data was collected and aggregate counts were provided to the evaluator for each location. Data 
collection was consistent across all groups.  This is important when analyzing longitudinal data with meta-analytic 
approaches as effect size estimates will often differ when the sources of bias have a non-trivial effect on the results.  
For independent group pre-post designs, change over time must be measured equivalently across groups and 
duration must be similar in order to protect against bias (Morris & DeShon, 2002). 
 
DATA ANALYSIS AND RESULTS 
 
Data was provided as aggregate frequencies for each location.  The number of participants has changed 
from year to year, thus limiting the data analysis to odds ratio estimation. (For a detailed explanation on computation 
of odds ratios, see http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2938757/).  Data was analyzed with 
Comprehensive Meta-Analysis.  An example of the data entry necessary for these analyses included the number of 
participants at each location who at baseline (pre-) had at-risk and not-at risk clinical values and those who at the 
year-mark (post-) had at risk and not at-risk clinical values.  For the knowledge questions, frequencies indicated the 
number of correct responses for each item; for the behavior change items, frequencies indicated the number of 
positive changes indicated for each item. 
 
In an effort to provide results that were intuitive to the stakeholders, the data for each of the measures 
(knowledge, behavior change, clinical indicators) was organized so that a positive odds ratio estimate indicates a 
positive effect.  Analyses for the behavior and knowledge questions were computed as random effects while the 
analyses for the clinical indicators were computed as fixed effects.  Results are provided as overall measures for the 
program participants, as well as in comparison to a local group with an established wellness program that has been 
in effect for the last decade (control group).  The results presented represent baseline to final year measures (end of 
year three).  
 
Behavior 
 
The analysis of all treatment group participants indicates an odds ratio =1.024, p =.630, indicating no 
significant difference across the beta sites, indicating a small yet non-significant positive effect. The between group 
analysis reveals no differences from pre to post measure, odds ratio = .957, p = .676, between the two groups. The 
conclusion is that the treatment group's reported behavior changes are not different from the comprehensive 
program. 
 
Knowledge 
 
The analysis of all treatment group participants indicates an odds ratio  = .917, p=.208, [.801, 1.044] 
indicating no significant change in the frequency of correct responding to knowledge questions across the treatment 
groups from pre to post measure. Between group analyses indicate no differences between the two groups, odds ratio 
= .175, p = .678.  This suggests that there is no difference in the performance of the treatment group relative to the 
comprehensive program on knowledge questions. 
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Clinical Indicators 
 
Analyses reveal that overall, the pre- to post-measures indicated a significant positive effect in the number 
of individuals in the treatment group showing improvement in their clinical indicators, odds ratio = 1.288, p< .048.  
The control group changes were basically unchanged, odds ratio = .925.  The analysis of between-group effects 
demonstrated non-significant differences overall, p = .097; however, as indicated with individual indicators, 
significant differences in improvement were found with overall cholesterol levels, HDL levels, and Triglycerides 
levels across the two groups, with the treatment group showing the greatest improvement consistently (Table 1).   
 
Table 1:  Effect On Clinical Indicators For The Treatment Group And For Between-Groups Comparisons 
Clinical Indicator Overall B/T Groups 
Overall 1.28* 2.72 
BMI 1.59* 0.53 
BP 1.36* 1.78 
Cholesterol 0.57* 3.79* 
Blood Glucose 0.75* 2.12 
LDL 1.03 0.15 
HDL 1.08 4.35* 
Triglycerides 0.83* 4.69* 
 
Additionally, the results for year three can be examined relative to the outcomes from year one and year 
two.  These results give some indication of the effect trend across time.  A graphical illustration is presented in 
Figure 1. 
 
 
Figure 1:  Graphical Representation Of Overall Clinical Impacts 
 
As indicated by the aggregated overall effect size measures, there was a drop in the impact after year one.  
While Figure 1 presents a very simple representation of the overall impact, it helps to illustrate that the significant 
impact of the program activities is sustained across the three-year program period. 
 
CONCLUSION 
 
The intention of the current paper was to review the current suggestions on meta-analyzing longitudinal 
data and demonstrate one application being used with data from a community wide health initiative. Although meta-
analytic techniques are not popular in longitudinal research, it is a valuable analytic tool for assessing the impact 
across time, especially in the event of multiple locations with different numbers of participants. As indicated by the 
brief review of the literature, care must be taken to ensure that meta-analysis is appropriately applied so that the 
inferences can be accurately derived. 
 
The results of the current investigation suggest that the program activities are having a small positive non-
significant effect for reported behavioral changes and no significant difference relative to the control group on the 
same measures.   Likewise, the knowledge measures reveal a non-significant impact from pre to post, as well as no 
significant differences from the control group. The most positive findings were with clinical indicators, with the 
treatment group showing significantly better gains on overall cholesterol, HDL, and triglyceride levels relative to the 
control group. 
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One possible consideration for the results from the current investigation is a novelty effect with the new 
program.  While it appears that the new community wide program is working, as well as the established program, 
and superior to the established program on some clinical measures, there is another possible explanation that must 
be considered.  Careful examination of raw frequency data indicates that between baseline and year-one is when 
most of the gains occurred, and were subsequently maintained.  Potentially, the effect that is revealed reflects the 
impact of identifying, for example, individual clinical values that were above healthy levels that are now being 
medically maintained.  This same occurrence may not be reflected as much in the control group data, except for 
individuals that newly enter the workforce due to turnover.   Additionally, the data is limited in that it is aggregate 
cohort data.  While the cohorts consistently represented the same work groups, the turnover in the participants 
represented in the workgroups is unknown.  
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